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COMIA 2026: Notificación de decisión 
 

Desde Microsoft CMT <noreply@msr-cmt.org> 
Fecha Vie 01 /05/2026 05:21 AM 
Para PANIAGUA - SOFIA <sofiapaniagua@gmail.com> 

 

 
Estimado(a) autor(a) Sofia Paniagua: 

 
El proceso de revisión de COMIA 2026 ha concluido. Todos los artículos han 
sido revisados y los miembros del Comité del Programa Técnico han analizado 
las evaluaciones y los comentarios de los revisores. 

 
Nos complace informarle que su artículo 
280: Automatic Language Identification of Indigenous Mexican Languages: A 
Transfer Learning Approach for Nahuatl and Totonaco 

 
ha sido ACEPTADO para presentación ORAL en el congreso y será publicado en 
un volumen de Communications in Computer and Information Science de la 
prestigiosa editorial Springer. 

 
Para continuar con el proceso de registro le pedimos que considere los 
siguientes puntos. 

 
[1] PREPARACIÓN DE LA VERSIÓN FINAL DEL ARTÍCULO 

 
La versión final del artículo deberá ser preparada y enviada, tomando en 
cuenta las consideraciones siguientes: 
1. Atender todos los comentarios de los revisores. 
2. Utilizar únicamente las plantillas de Word o LaTeX de Springer. 
3. La extensión deberá ser entre 8 y 15 páginas, incluyendo anexos y 
referencias. 
4. Preparar los siguientes archivos: 
4.1 Carta de cesión de derechos firmada y presentada en formato PDF. Esta 
carta no es requerida para artículos aceptados en RCS. 
4.2 Archivos fuente tipo DOCX (Word) o ZIP (LaTeX). 
4.3 Artículo en formato PDF. 
4.4 Para artículos presentados en póster: incluir adicionalmente una 
diapositiva para la presentación de 1 minuto. 
5. Subir los archivos en el sistema CMT, dando clic en la opción ‘Create 
Camera Ready Submission’. 

 
MUY IMPORTANTE: Es responsabilidad de los autores verificar que los nombres 
y títulos de los trabajos estén correctamente escritos, ya que así 
aparecerán tanto en las publicaciones como en las constancias de 
participación. Esta información deberá estar actualizada en el sistema CMT 
y en todos los archivos finales enviados. Cualquier solicitud de corrección 
podrá incurrir en costos adicionales y el tiempo de entrega será de una a 
dos semanas posteriores al congreso, únicamente en formato digital. 
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La fecha límite de envío de la versión final del artículo es el 8 de mayo 
de 2026. 

 
La carta de cesión de derechos y los lineamientos completos se encuentran 
en nuestra página web: 
https://comia.com.mx/autores/#guia-aceptados 

 
Plantillas oficiales de Springer en Word o LaTeX: 
https://comia.com.mx/autores/#guia-autores 

 
 

[2] PRESENTACIÓN DE TRABAJOS DURANTE EL CONGRESO 
 

Recuerda que COMIA 2026 es presencial y el registrarse implica que al menos 
un autor acudirá a presentar el artículo. 

 
(A) PRESENTACIÓN ORAL 
Los autores de los artículos aceptados en esta modalidad deberán presentar 
su trabajo en idioma español. Las diapositivas podrán estar en español o 
inglés. Las presentaciones tendrán una duración máxima de 10 minutos más 
una ronda de preguntas de 5 minutos. 

 
La primera diapositiva deberá utilizar la plantilla de COMIA 2026; mientras 
que el resto de la presentación pueden estar en formato libre: 
https://comia.com.mx/2026/COMIA2026_Plantilla_Diapositivas.potx 

 
IMPORTANTE: El autor es reponsable de llevar su presentación en USB el día 
del evento. 

 
(B) PRESENTACIÓN EN PÓSTER 
Los autores de los artículos aceptados en esta modalidad deberán presentar 
su póster en idioma español. El póster puede estar redactado en español o 
inglés. Las dimensiones del póster son 84.1cm x 118.9cm (formato A0). 

 
Durante la presentación se evaluará al mejor póster, por lo que es 
importante utilizar la plantilla siguiente y cumplir con todos los 
criterios que se detallan en ella: 
https://comia.com.mx/2026/COMIA2026_Plantilla_Poster.potx 

 
Al inicio de la sesión, se llevará a cabo una presentación rápida de 1 
minuto por póster; por lo que cada autor deberá enviar una diapositiva 
(.ppt / .pptx) que explique de forma general el póster. El envío de la 
diapositiva se realizará a través del sistema CMT, junto con los archivos 
finales del artículo. 

 
IMPORTANTE: El autor es responsable de imprimir y llevar el póster el día 
del evento. 

 
Invitamos a revisar el programa de manera regular, para ver las 
actualizaciones: 
https://comia.com.mx/actividades/#programa 
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https://comia.com.mx/2026/COMIA2026_Plantilla_Diapositivas.potx
https://comia.com.mx/2026/COMIA2026_Plantilla_Poster.potx
https://comia.com.mx/actividades/#programa


3/4 

 

 

[3] PAGO DE INSCRIPCIÓN Y REGISTRO 
 

El pago de inscripción y registro garantiza la participación en el evento y 
la publicación del artículo aceptado en su versión final. En caso de tener 
más de un artículo aceptado, se deberá pagar una cuota de inscripción por 
cada uno. 

 
El pago de inscripción se podrá realizar en el siguiente enlace, utilizando 
el Pase para Autores. Este pago considera la publicación de un artículo 
aceptado y la entrada del autor principal o de correspondencia: 
https://comia.com.mx/registro/?choice=autores 

 
Los coautores podrán inscribirse utilizando el Pase para Co-Autores. Este 
pago reducido considera la entrada de un coautor: 
https://comia.com.mx/registro/?choice=coautores 

 
IMPORTANTE: No olvidar registrarse y enviar el comprobante de pago. Las 
instrucciones se encuentran en el Pase para Autores o Pase para Co-Autores. 

 
La fecha de pago anticipado es el 8 de mayo de 2026. 

 
La fecha límite de pago e inscripción de autores y co-autores es el 15 de 
mayo de 2026. 

 
 

[4] PREMIOS COMIA 2026 
 

Como reconocimiento a la investigación destacada, los mejores trabajos 
aceptados en COMIA 2026 serán premiados durante la Cena de Gala en las 
siguientes categorías: 
* Premio al Mejor Artículo 
* Premio al Mejor Artículo Estudiantil 
* Premio al Mejor Póster 

 
Los finalistas de Mejor Artículo y Mejor Artículo Estudiantil serán 
notificados por correo electrónico con anticipación y serán invitados a la 
Cena de Gala. La ganadora o el ganador de Mejor Póster será notificado al 
día siguiente de la Sesión de Pósters. 

 
 

[5] SEDE Y ALOJAMIENTO 
 

5.1 Las presentaciones orales y de pósters se llevarán acabo los días 27, 
28 y 29 de mayo en: 

 
HOLIDAY INN CUERNAVACA 
Av. Gustavo Diaz Ordaz No. 86, 
Col. Acapantzingo, 62440, 
Cuernavaca, Morelos 

 
Google Maps: 
https://maps.app.goo.gl/DU2pvDyZAHr6sQdS6 

 
El alojamiento en el hotel sede cuenta con un código de reserva para 

https://comia.com.mx/registro/?choice=autores
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acceder a una tarifa preferencial: 
 

Tarifa preferencial en el hotel sede 
CÓDIGO:UPC 

 
5.2 También se invita a participar en los tutoriales y el workshop de 
industria los días 25 y 26 de mayo en: 

 
UNIVERSIDAD AUTÓNOMA DEL ESTADO DE MORELOS (UAEM) 
Facultad de Contaduría, Administración e Informática 

 
Google Maps: 
https://maps.app.goo.gl/HbzowddwPctcYK5V7 

 
El registro para tutoriales y el workshop de industria abrirá el 8 de mayo 
de 2026 y se podrá realizar en la página web, cupo es limitado: 
https://comia.com.mx/actividades/ 

Lo esperamos en COMIA 2026 

Atentamente, 
Presidentes del Programa 
Hugo Escalante 
Roberto A. Vazquez 

 
 

Please do not reply to this email as it was generated from an email account 
that is not monitored. 

 
 

To stop receiving conference emails, you can check the 'Do not send me 
conference email' box from your User Profile. 

 
Microsoft respects your privacy. To learn more, please read our Privacy 
Statement. 

 
Microsoft Corporation 
One Microsoft Way 
Redmond, WA 98052 
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Abstract. Nahuatl and Totonaco are among Mexico’s 68 legally recog-
nized indigenous languages, yet both remain severely under-resourced
digitally, restricting community access to public services. This paper
presents a Transfer Learning approach for Automatic Language Identifi-
cation (LID) between these two Mesoamerican languages by fine-tuning
Wav2Vec 2.0 XLS-R, a cross-lingual self-supervised model pre-trained on
128 languages, on the publicly available TonalliCorpus (72 field-recorded
interviews, 24 hours, covering five Nahuatl and four Totonaco regional
variants). A data-explosion segmentation strategy converts long-form
recordings into over 14,000 Transformer-ready 5-second chunks, while a
speaker-independent split ensures generalization to unseen speakers. The
convolutional encoder is frozen during fine-tuning to preserve pre-trained
acoustic representations; only the Transformer layers and a lightweight
classification head are updated. The model achieves 99.22% accuracy on
the held-out test set and a 5-fold cross-validation mean of 99.19% ±
0.13%, confirming both effectiveness and stability. An analysis of the re-
sults reveals a minor Totonaco recall asymmetry (∆ = 0.02) attributable
to corpus class imbalance. These results establish a reproducible LID
benchmark and a foundation for downstream indigenous speech tech-
nologies.

Keywords: Deep Learning · Language Identification · Transfer Learn-
ing · Fine-Tuning· Wav2Vec 2.0 · XLS-R · Nahuatl · Totonaco · Low-
Resource Languages · Responsible AI

1 Introduction

1.1 Background, Motivation, and Research Question

Nahuatl (Uto-Aztecan stock, ≈2M speakers [7]) and Totonaco (Totonacan-
Tepehua family [13]) are among the 68 indigenous languages officially recog-
nised in Mexico [8]. Despite their profound cultural importance as carriers of
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oral histories, cosmovision, and community identity, both languages are severely
under-resourced in the digital domain [17]. The General Law on Linguistic Rights
of Indigenous Peoples [4] mandates that these languages be valid in any public
or legal procedure, yet the technological infrastructure required to support such
a mandate, such as automatic language routing, Automated Speech Recognition
(ASR), and machine translation, is largely absent. This institutional gap is not
merely an inconvenience; it actively restricts indigenous communities’ access to
healthcare, education, legal representation, and digital participation [17]. Auto-
matic Language Identification (LID) is the foundational prerequisite for all such
downstream applications, making it the natural first target for computational
efforts in this space.

The linguistic challenges are substantial and multi-layered. Both languages
are morphologically rich (Nahuatl in particular is agglutinative and polysyn-
thetic [5,11], encoding complex grammatical relationships within single long
words), which means that a single spoken utterance may compress information
that would require an entire sentence in an analytic language such as English.
At the acoustic level, this morphological complexity increases the effective pho-
netic inventory that any model must implicitly learn. Additionally, conventional
text-processing tools such as Byte Pair Encoding (BPE) [18] and overlap-based
evaluation metrics such as BLEU [16] are ill-suited to these languages, a limita-
tion that motivates the use of raw-audio self-supervised models that bypass text
representations entirely. The central research question of this study is therefore:

How effectively can a Transfer Learning framework based on cross-lingual
self-supervised representations (Wav2Vec 2.0 XLS-R) be fine-tuned on a
limited, regionally-diverse corpus to achieve high-accuracy LID between
Nahuatl and Totonaco in non-studio acoustic environments?

1.2 Related Work and Technical Foundation

Low-Resource NLP for Indigenous Languages of the Americas. The Americas
host approximately 86 language families, the vast majority of which remain com-
putationally unexplored [6]. The scarcity of parallel and monolingual data is the
central bottleneck: without sufficient text or audio corpora, even the most power-
ful architectures cannot acquire language-specific representations. Shared tasks
such as AmericasNLP [12] have galvanised the community around low-resource
machine translation, with multilingual pre-trained models such as mBART [9]
demonstrating that pre-training on high-resource languages followed by fine-
tuning on target LRLs is a viable and sample-efficient strategy. These text-based
findings directly motivate the analogous speech approach taken in this work.
While these text-based findings demonstrate that transfer learning is viable for
indigenous languages, there remains a critical gap in applying these methodolo-
gies directly to raw acoustic data for Mesoamerican languages, which this study
addresses.
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Self-Supervised Learning for Speech. The paradigm shift for low-resource speech
processing was catalysed by Wav2Vec 2.0 [2]. The model passes raw waveforms
through a multi-layer convolutional feature encoder that produces a sequence of
latent representations at a resolution of ≈25ms per frame. These representations
are then quantised into a finite codebook of learned speech units and fed into
a deep Transformer network. Training proceeds by masking spans of the latent
representation and requiring the Transformer to identify the correct quantised
unit from a set of distractors, a contrastive self-supervised objective that requires
no transcriptions whatsoever. The result is a model that, even when fine-tuned
on as little as ten minutes of labelled audio, achieves competitive Word Error
Rates on standard benchmarks [2]. This makes it uniquely suited to the LRL
setting.

Its cross-lingual successor, XLS-R [1], scales this approach to 128 languages
by training on hundreds of thousands of hours of publicly available multilin-
gual speech (VoxPopuli, MMS, CommonVoice, and others). The resulting model
learns a shared phonetic representation space that generalises across typologi-
cally diverse languages, including those absent from the pre-training data. XLS-
R has established state-of-the-art results on multiple LID and ASR benchmarks
for under-resourced languages, and fine-tuning it with a frozen convolutional en-
coder is the current best-practice strategy for LRL speech tasks [19]. This study
applies and validates that strategy for two Mesoamerican languages that are not
represented in the XLS-R pre-training corpus.

This article presents a high-accuracy Automatic Language Identification (LID)
system for Nahuatl and Totonaco using the Wav2Vec 2.0 XLS-R model. Follow-
ing an Introduction on the digital divide of indigenous languages, the Method-
ology details a transfer learning strategy and audio segmentation approach tai-
lored for low-resource data. The Experiments and Results demonstrate a ro-
bust 99.22% accuracy, validated through speaker-independent cross-validation.
Finally, the Discussion and Conclusion address service equity considerations re-
garding class imbalance and propose extending the framework to regional dialect
identification and downstream speech technologies.

2 Methodology

2.1 Dataset and Preprocessing

All audio data used in this study come from the publicly available Tonal-
liCorpus [15], a multilingual parallel corpus of Nahuatl and Totonaco collected
through field recordings in classroom environments across the Sierra Nororien-
tal of the State of Puebla, Mexico. The corpus provides 72 classroom-recorded
interviews (44 Nahuatl, 28 Totonaco), spanning five Nahuatl and four Totonaco
regional variants. Each interview is approximately 20 minutes long. No private
or proprietary recordings were used in this study.

Because Transformer architectures are constrained by sequence length and
GPU memory, raw 20-minute waveforms are unsuitable for direct ingestion. To
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overcome this and to maximise data utility, a critical concern in any LRL set-
ting, a data-explosion segmentation strategy was applied. All MP3 files were first
decoded and resampled to 16 kHz, the sampling rate expected by the Wav2Vec
2.0 feature extractor [2]. Each interview was then systematically sliced into non-
overlapping 5.0-second chunks. Audio was sliced sequentially without explicit
Voice Activity Detection (VAD) or silence filtering, meaning segments may con-
tain natural pauses, classroom background noise, or overlapping speech. This
segment length was chosen deliberately: segments shorter than ≈3 seconds risk
discarding the prosodic and suprasegmental cues (stress patterns, tone, intona-
tion) that are highly discriminative between Nahuatl and Totonaco, while seg-
ments longer than 10 seconds exceed GPU memory budgets at reasonable batch
sizes. At 5 seconds, each chunk preserves sufficient phonetic and prosodic con-
text while remaining computationally tractable. Each segment was subsequently
normalised to zero mean and unit variance to mitigate the volume variability
and low-level noise differences inherent to classroom field recordings.

The resulting corpus comprises 11,360 training chunks and 3,074 test
chunks. To prevent data leakage and ensure a realistic estimate of generalisation,
the train/test split was applied at the interview level (80%/20%). This speaker-
independent partitioning guarantees that no audio segment from any individual
appears in both partitions, directly measuring the model’s ability to handle
previously unseen speakers, an essential property for any real-world deployment
scenario.

2.2 Model Architecture and Fine-Tuning Strategy

The Wav2Vec 2.0 XLS-R architecture [1] consists of three components: (i) a
convolutional feature encoder (seven convolutional blocks that project raw
waveforms into 512-dimensional latent frame representations at 20ms intervals);
(ii) a Transformer context network (a deep stack of multi-head self-attention
layers, with the 300M-parameter variant used here having 24 layers, that con-
textualise these frame representations across the full segment); and (iii) a linear
classification head, added specifically for this task, that projects the mean-
pooled final hidden state onto two output classes (Nahuatl / Totonaco) via Soft-
max. Training minimises the cross-entropy loss:

L = −
∑

c∈{N,T}

yc log p̂c (1)

where yc is the one-hot ground-truth label and p̂c is the predicted probability
for class c. Following established best practice [19], the convolutional feature
encoder was frozen throughout training, preserving the low-level acoustic fea-
ture extraction capabilities acquired during large-scale multilingual pre-training
and preventing catastrophic forgetting on the small LRL corpus. Only the Trans-
former layers and the classification head were updated. This selective fine-tuning
is critical: the Transformer layers adapt their high-level contextual representa-
tions toward the phonological contrasts distinguishing Nahuatl and Totonaco,
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while the frozen encoder continues to provide stable, high-quality acoustic fea-
tures as input.

Fig. 1. Wav2Vec 2.0 XLS-R architecture for LID. The convolutional feature encoder
(grey) is frozen throughout fine-tuning. The Transformer layers and the appended
classification head (blue) are updated to distinguish Nahuatl and Totonaco.

2.3 Hyperparameter Configuration and Hardware

Training was executed on an NVIDIA A100 GPU (40 GB VRAM) [14]. Two
hardware-specific optimisations were applied: Brain Float 16 (BF16) mixed pre-
cision, native to the A100’s Ampere architecture, which accelerates matrix op-
erations while preserving the dynamic range needed for stable deep Transformer
fine-tuning; and TensorFloat-32 (TF32) for matrix multiplication, providing a
further throughput increase with negligible numerical impact. Together, these
reduced the total training time to ≈8 minutes for 3 epochs, compared to ≈1–2
hours on a conventional T4 GPU. An effective batch size of 64 was achieved
through a physical batch size of 32 with 2 gradient accumulation steps, opti-
mising VRAM utilisation while ensuring stable gradient estimates. The base
learning rate of 3× 10−4 was scheduled with cosine decay and a linear warm-up
phase [10]: the warm-up prevents excessively large initial updates from destabil-
ising the pre-trained weights, and the cosine schedule subsequently reduces the
step size smoothly, which is particularly effective for fine-tuning scenarios where
the model is close to a good solution from the start. Training was limited to 3
epochs; as Table 1 shows, the validation loss had already converged to ≈0.04
by Epoch 3, confirming that additional epochs would risk overfitting rather than
improving generalisation.

2.4 Ethical Considerations

All research adhered to the anonymisation and informed-consent protocols es-
tablished by the TonalliCorpus [15]. No personally identifiable information (PII)
was stored or processed during model training.
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3 Experiments and Results

3.1 Training Convergence

Table 1 reports per-epoch training and validation metrics. Convergence was re-
markably rapid: validation loss fell from ≈0.57 at Epoch 1 to ≈0.04 at Epoch 3 (a
reduction of over 93%) while accuracy climbed from 75.3% to 99.2%. The sharp
improvement between Epochs 1 and 2 (validation accuracy: 75.3% → 97.7%)
indicates that the XLS-R representations already encoded highly transferable
cross-lingual phonetic structure [1] prior to fine-tuning; the task-specific classi-
fication head required only minimal exposure to the target languages to align.
The continued improvement from Epoch 2 to Epoch 3 hypothetically reflects
the Transformer layers adapting to the acoustic and phonological boundaries
between the classes, though further explainability studies are required to con-
firm the precise features driving this. The close tracking between training and
validation loss across all epochs confirms that the speaker-independent split ef-
fectively prevented overfitting to speaker-specific artefacts.

Table 1. Training and validation metrics per epoch.

Epoch Train Loss Val. Loss Accuracy

1 0.6598 0.5739 75.31%
2 0.1531 0.1022 97.69%
3 0.0237 0.0396 99.22%

3.2 Test-Set Performance and Confusion Matrix

The final model achieved 99.22% mean accuracy on the 3,074 held-out test
chunks (Table 2). Nahuatl recall reached almost 1.00 (virtually all Nahuatl seg-
ments were correctly identified with an almost zero false-negative rate), while To-
tonaco recall was 0.98, with 1.8% of Totonaco segments misclassified as Nahuatl.
This minor asymmetry is consistent with the corpus class imbalance (44 Nahuatl
vs. 28 Totonaco source interviews [15]) and is analysed further in Section 4. Im-
portantly, the false-positive rate in the opposite direction is negligible (0.11% of
Nahuatl segments misclassified as Totonaco), confirming that the model’s slight
bias operates in one direction only.

Table 2. Normalised confusion matrix on the held-out test set.

True \ Predicted Nahuatl Totonaco
Nahuatl 0.999 0.001
Totonaco 0.018 0.982
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3.3 5-Fold Cross-Validation

To confirm that the reported test-set result is not an artefact of a single favourable
train/test partition, a rigorous 5-fold cross-validation was conducted on the com-
plete segmented corpus. Folds were constructed at the interview level, preserving
strict speaker independence in every partition, and the full fine-tuning procedure,
including hyperparameter settings and epoch count, was repeated identically for
each fold.

Table 3. 5-fold cross-validation accuracy results.

Fold 1 2 3 4 5 Mean ± Std

Acc. 99.38% 99.12% 99.27% 99.01% 99.19% 99.19%± 0.13%

The narrow accuracy range of 99.01%–99.38% and a standard deviation of
0.13% demonstrate that the high performance is a stable property of the method-
ology. Notably, even the worst-performing fold (Fold 4: 99.01%) substantially ex-
ceeds what a CNN-MFCC baseline would be expected to achieve on this noisy,
limited corpus [6]. The cross-validation mean (99.19%) aligns closely with the
independently obtained test-set accuracy (99.22%), providing dual confirmation
of the result’s reliability and the absence of distributional artefacts.

4 Discussion

4.1 Data Limitations and Generalisation Risks

Despite the high accuracy, several limitations of the corpus must be acknowl-
edged. The class imbalance in the TonalliCorpus [15] (44 Nahuatl versus 28
Totonaco interviews) is the most likely explanation for the observed asymmetry
between Nahuatl recall (1.00) and Totonaco recall (0.98). Although the segmen-
tation strategy expands the effective sample count substantially, the underlying
source-file imbalance persists and may cause the model to weight Nahuatl-specific
acoustic patterns more heavily during gradient updates. Future corpus collection
should target greater parity between classes.

Second, because all recordings originate from classroom settings, the model’s
performance under real-world acoustic conditions (e.g., outdoor markets, vil-
lage squares, or telephone channels) remains an open question. Domain mis-
match between controlled and unconstrained environments is a well-documented
failure mode in speech models, and deployment robustness cannot be assumed
from indoor test results alone. Furthermore, because silences and environmen-
tal noises were not filtered out during segmentation, there is a risk that the
model might leverage acoustic artifacts specific to the recording environment
(e.g., room acoustics, background classroom noise) rather than purely linguistic
features. While the cross-validation confirms generalization to unseen speakers
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within this corpus, testing on external datasets representing distinct acoustic
domains (such as radio broadcasts or outdoor field recordings) is essential to
verify true domain robustness.

Third, the binary LID framing does not probe the model’s ability to discrim-
inate among the five Nahuatl or four Totonaco regional variants [15]; the high
overall accuracy may mask differential performance across dialects that would
only become apparent in a finer-grained classification task.

4.2 Methodological Critique

Three aspects of the experimental design warrant critical reflection. First, the
dependency on pre-trained weights: the model’s performance is fundamen-
tally contingent on the quality and coverage of XLS-R’s pre-training corpus [1].
Since neither Nahuatl nor Totonaco appeared in that corpus, the model relies
entirely on cross-lingual transfer from phonetically similar languages. Any sys-
tematic phonetic gap between those proxy languages and the target languages
constitutes an unquantified source of risk. Second, the absence of a CNN-
MFCC baseline: while comparable low-resource benchmarks suggest that such
a baseline would achieve approximately 70–80% accuracy on noisy field data [6],
the lack of a directly trained baseline prevents a precise quantification of the ben-
efit attributable to the Transformer architecture and pre-trained representations
specifically. The 5-fold cross-validation (Table 3) confirms stability but does not
substitute for ablation. Including such a comparison is recommended for future
work. Third, the black-box nature of the Transformer: the model provides
no interpretable account of which acoustic features (place of articulation, tone,
vowel harmony, prosodic rhythm) drive its decisions [3]. This limits the model’s
value as a tool for linguistic research and makes it difficult to anticipate failure
modes in deployment.

4.3 Service Equity Considerations

The majority-class bias discussed above (∆recall = 0.02) represents a quantifi-
able disparity that could translate into inequitable service quality if the model
is deployed in a language-routing application: Totonaco speakers would experi-
ence a 2% higher misidentification rate than Nahuatl speakers [3]. While small
in absolute terms, such disparities tend to compound across downstream tasks.

4.4 Contributions

This work makes four concrete contributions. (i) A validated, reproducible data-
explosion preprocessing pipeline that transforms 72 long-form, non-studio field
recordings from the TonalliCorpus [15] into over 14,000 Transformer-ready seg-
ments, directly addressing the data scarcity problem in LRL speech research.
(ii) A high-accuracy LID benchmark (99.22% on the held-out test set; 99.19%±
0.13% via 5-fold cross-validation) for the regional variants of Nahuatl and To-
tonaco present in the Puebla State corpus, providing a reproducible reference
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point for future work [5]. (iii) A hardware-aware training protocol leveraging
BF16 and TF32 on the NVIDIA A100 [14] that reduces fine-tuning time from
∼2 hours to ∼8 minutes, making the approach accessible beyond large-scale
compute environments. (iv) A rigorous evaluation framework based on strict
speaker-independent splitting that can serve as a reusable template for reli-
able AI development in indigenous language contexts. The validated model and
TonalliCorpus [15] together provide a ready foundation for downstream tasks
including ASR, machine translation [9,12], and dialect-level identification.

5 Conclusion and Future Work

This research demonstrated that fine-tuning Wav2Vec 2.0 XLS-R on a small,
publicly available corpus (TonalliCorpus [15]) is sufficient to achieve near-perfect
Automatic Language Identification between Nahuatl and Totonaco. The model
attained 99.22% test accuracy and a cross-validation mean of 99.19%± 0.13%,
confirming both the effectiveness and stability of cross-lingual self-supervised
transfer learning [1,19] for low-resource indigenous speech. The result directly
supports the technological demands imposed by Mexico’s General Law on Lin-
guistic Rights [4] by providing a reliable, scalable LID component for routing
and processing indigenous-language speech in public-sector applications.

Four immediate research directions follow from this work. First, dialect
identification: extending the classification head to discriminate among the five
Nahuatl and four Totonaco regional variants documented in the TonalliCor-
pus [15], which would require fine-grained dialect-level annotation as a prerequi-
site. Second, robustness and fairness: applying data augmentation techniques
(noise injection, reverberation simulation, room impulse response convolution)
to improve model performance under real-world acoustic conditions, and col-
lecting additional recordings to balance the class representation and mitigate
the allocative harm identified in Section 4. Third, downstream integration:
repurposing the fine-tuned encoder’s latent representations for ASR and ma-
chine translation systems [9,12], using this LID model as a first-stage language
router, and integrating Explainable AI (XAI) techniques such as attention vi-
sualisation to expose the specific phonetic features driving classification deci-
sions [3], bridging the gap between computational performance and linguistic
insight. Fourth, linguistic and baseline validation: future work must include
empirical comparisons against traditional acoustic baselines (such as MFCCs or
Mel-spectrograms) to precisely quantify the benefit of the Transformer architec-
ture. Additionally, leveraging forced-alignment techniques or incorporating the
available Spanish translations as a comparison class could facilitate a deeper,
purely linguistic analysis of the specific phonemes and pronunciation patterns
driving the model’s classifications, thereby avoiding experimental ambiguities.
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